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METHODS AND SYSTEMS FOR OPTIMAL quality improvements . Many other contemporary extensions 
TRANSPORT OF NON - LINEAR to the basic Gatys approach were proposed to extend its 

TRANSFORMATIONS functionality for related image synthesis tasks such as regu 
lar pattern synthesis and Texture Painting . 

CROSS - REFERENCE TO RELATED A major drawback of the Gatys et al . method is a high cost 
APPLICATIONS of utilizing back - propagation training as a general purpose 

optimizer for texture synthesis . To address this , several 
This application claims the benefit of U.S. Provisional feed - forward network training schemes have been explored 

Application No. 63 / 035,585 , filed Jun . 5 , 2020 , entitled to approximate the optimization process , formulating the 
“ METHOD AND SYSTEM FOR OPTIMAL TRANSPORT 10 problem as one of learning texture synthesis as an image 
OF NONLINEAR TRANSFORMATIONS , ” and U.S. Pro- to - image translation problem . While fast , these inference 
visional Application No. 63 / 104,356 , filed Oct. 22 , 2020 , methods are comparatively weaker with respect to visual 
entitled “ OPTIMAL TRANSPORT OF NON - LINEAR quality and they require training one network for one or a 
TRANSFORMATIONS , " each of which is incorporated by small number of styles . Thus , much of the research in this 
reference herein in its entirety . area has been focused on improving visual quality and 

arbitrary texture support . 
TECHNICAL FIELD The first truly universal style transfer method , that did not 

require custom training for each style , was introduced by 
The subject matter disclosed herein generally relates to Chen and Schmidt “ Fast patch - based style transfer of arbi 

the technical field of computer graphics rendering with 20 trary style ” who present an auto - encoder strategy that mim 
computer systems , and in one specific example , to computer ics the original back - propagation strategy of Gatys et al . by 
systems and methods for synthesizing textures using a using pre - trained VGG as the encoder and then they train an 
texture optimization process . inversion network as the decoder . This strategy was 

expanded upon by others introducing decoders after each 
BACKGROUND OF THE INVENTION 25 pooling layer of VGG and a deep - to - shallow iterative syn 

thesis strategy , more closely mimicking the original Gatys 
Methods for both representing and synthesizing textures approach that matches a set of layers for each pooling size . 

have been explored over the last decades . Texturing has been Others have recently combined neural network models with 
represented using only first - order feature statistics gathered non - parametric patch - based models . 
through convolution of an image with a filter - bank and 30 
utilized an optimization process to transform a noise image BRIEF DESCRIPTION OF THE DRAWINGS 
into one that statistically matches an exemplar . This strategy 
was expanded upon with sophisticated filters and joint Features and advantages of example embodiments of the 
Nth - order statistics of the filter responses , averaged across present disclosure will become apparent from the following 
an image into a parametric model . 35 detailed description , taken in combination with the 

Patch - based methods represent texture as a collection of appended drawings , in which : 
overlapping image patches and various corresponding syn FIG . 1A is a schematic illustrating a method for texture thesis methods attempt to re - arrange a configuration of the synthesis , in accordance with an embodiment ; 
patches and blend overlapping regions so that a resulting FIG . 1B is a schematic illustrating a method for texture 
image shares similar patch statistics with an exemplar . 40 synthesis , in accordance with an embodiment ; 

Deep Learning based algorithms have achieved results on FIG . 1C is a schematic illustrating a data flow for a texture 
classically difficult special cases of texture synthesis , pre- synthesis method , in accordance with an embodiment ; 
dominantly Style Transfer . A work on neural texture syn- FIG . 2 is a schematic illustrating a data flow for a texture 
thesis and style transfer [ Gatys et al . 2015 “ Texture synthesis synthesis method with Principal Component Analysis 
using convolutional neural networks ” ; Gatys et al . 2016 45 ( PCA ) , in accordance with an embodiment ; 
“ 2016. Image style transfer using convolutional neural net- FIG . 3 is a schematic illustrating a data flow for a style 
works " ] , introduced both supervised and deep learning to transfer method , in accordance with an embodiment ; 
the field , advancing quality of textures synthesized from a FIG . 4 is a schematic illustrating a method for texture 
parametric model . Gatys builds upon an image synthesis mixing , in accordance with an embodiment ; 
strategy first used for visualizing the training process within 50 FIG . 5 is a schematic illustrating a method for color 
a CNN and later extended by Deep Dream to produce artistic transfer , in accordance with an embodiment ; 
work . The work uses a collection of Gram matrices gathered FIG . 6 is a block diagram illustrating an example software 
from several key layers of a neural network , cumulatively as architecture , which may be used in conjunction with various 
the parametric model for texture , where transforming an hardware architectures described herein ; and 
image to mimic the texture of another is achieved through 55 FIG . 7 is a block diagram illustrating components of a 
minimizing the distance between each image’s respective set machine , according to some example embodiments , config 
of Gram matrices . Since the introduction of the concept , it ured to read instructions from a machine - readable medium 
is common practice to numerically measure the visual ( e.g. , a machine - readable storage medium ) and perform any 
similarity of two textures as the distance between their one or more of the methodologies discussed herein . 
corresponding averaged co - occurrence matrices . Several 60 
techniques have been developed to improve synthesis qual DETAILED DESCRIPTION 
ity . An instability inherent to the Gram matrix based para 
metric model was highlighted and the loss function was The description that follows describes example systems , 
supplemented with an additional histogram matching term , methods , techniques , instruction sequences , and computing 
similar to the first order statistics matching approach . A 65 machine program products that comprise illustrative 
coarse - to - fine multi - scale pyramid approach was introduced embodiments of the disclosure , individually or in combina 
for the synthesis process which yielded both speed and tion . In the following description , for the purposes of 

a 
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explanation , numerous specific details are set forth in order Texture Mixing , Multi - scale Texture Synthesis , Structured 
to provide an understanding of various embodiments of the Image Hybrids and Texture Painting ( e.g. , as described 
inventive subject matter . It will be evident , however , to those below ) ; and hierarchical histograms that provide a user 
skilled in the art , that various embodiments of the inventive control scheme , based on feature re - sampling through guide 
subject matter may be practiced without these specific 5 maps ( e.g. , as described below ) . 
details . A method of converting a set of first order statistics into 

The term ' content ' used throughout the description herein an image space is disclosed . Data describing an input source 
should be understood to include all forms of media content texture and an initial input texture is accessed . The input 
items , including images , videos , audio , text , 3D models source texture and the initial input texture are transformed 
( e.g. , including textures , materials , meshes , and more ) , ani- 10 into respective feature representations of each input . The 
mations , vector graphics , and the like . transforming includes using a first nonlinear transformation 

Methods for both representing and synthesizing textures process . An optimal transport process is applied to the 
have been explored broadly , including utilizing neural net- respective feature representations . The optimal transport 
works , both as a way to represent texture features as well as process modifies the set of first order statistics . The set of 
a mechanism for performing the synthesis . The systems and 15 first order statistics belongs to the initial input texture feature 
methods described herein disclose a statistically motivated representation . The modifying includes performing a match 
formulation of the Texture Synthesis problem ( e.g. , repre- ing of the set of first order statistics to a second set of first 
sentation and synthesis of textures ) including robust feature order statistics . The second set of first order statistics 
transformation through optimal transport , with contributions belongs to the input source texture feature representation . 
over the state of the art in neural texture synthesis in at least 20 The modified set of first order statistics is passed to a second 
two areas : performance and generalization . nonlinear transform to perform the converting of the modi 

Performance improvements include both visual quality as fied set of first order statistics into the image space . 
well as speed of computation . The systems and methods Motivation 
described herein achieve the performance improvements A goal of texture synthesis is , given an exemplar image , 
using an N - Dimensional probability density function trans- 25 to construct a generative process that can synthesize a 
form operating directly on deep neural features ( e.g. , plurality of new unique images that are indistinguishable 
extracted by a neural network ) , within a bottleneck layer of from the exemplar . Textures can be modeled as a finite set 
an auto - encoder . This achieves quality and flexibility similar of statistical measurements taken over a spatial extent of a 
to expensive back - propagation based methods , but within an theoretically infinite image . Any sub - infinite image with the 
auto - encoder framework ( e.g. , as described below with 30 same statistical measurements can be considered the same 
respect to FIG . 1A , FIG . 1B , FIG . 1C , FIG . 2 , FIG . 3 , FIG . texture . Modeling texture in such a way conveniently pro 
4 , and FIG . 5 ) that does not require custom training . In vides many mathematical tools to analytically measure a 
addition , within the framework , an the N - Dimensional PDF similarity between two textures . 
transform is accelerated through dimension reduction . The study of texture synthesis can be broadly summarized 

The improvement in generalization includes an increased 35 as having two goals : ( 1 ) finding better representations for 
flexibility of the systems and methods described herein ( e.g. , texture that more directly model key feature statistics and ( 2 ) 
when compared to existing systems and methods ) , whereby finding better generative processes for synthesizing new 
the systems and methods may be applied to additional images that match to a set of exemplar feature statistics . 
texture synthesis problems including Style Transfer , These two goals may be symbiotic , a stronger representation 
Inverse - Texture Synthesis , Texture Mixing , Multi - scale Tex- 40 can compensate for a weaker generative process and vice 
ture Synthesis , Structured Image Hybrids and Texture Paint 
ing ( e.g. , as described below ) . These difficult additional Existing non - linear - filter based neural network methods 
problems have historically required significant modifica- can be grouped into two broad categories : optimization and 
tions to popular texture synthesis methods , or justified their inference . Each category can be characterized by shortcom 
own custom tailored approach . The systems and methods 45 ings with respect to either speed , output quality or an ability 
described herein directly applies to the texture synthesis to generalize to multiple textures . The systems and methods 
problem and can solve the additional special cases either described herein include a hybrid optimization and inference 
directly or with minor modifications . Overall , the speed , neural network that provides benefits of both the optimiza 
quality and generalization of the systems and methods tion and inference categories while avoiding their shortcom 
described herein provide a “ Swiss army knife ” solution for 50 ings . The systems and methods include a robust optimization 
texture synthesis problems , suitable for deployment within process that matches feature statistics , but wherein the 
an artistic tool . In addition , a histogram hashing method a optimization process works deep within a feature space of 
user ( e.g. , a human artist ) may directly guide the synthesis , the neural network ( e.g. , as opposed to working in an image 
creating an interactive artistic tool . The histogram hashing space ) . Accordingly , a neural network transform may be 
method has further application for spatial texture mixing as 55 configured to transform deep neural network activation 
well as multiscale texture synthesis based on exemplar values directly in order to avoid considerable computational 
graphs . overhead when running the neural network in each optimi 

The systems and methods described herein include one or zation pass , making gains per iteration to reduce an overall 
more components or operations that are non - routine or number of steps . 
unconventional individually or when combined with one or 60 The systems and methods described herein combine a 
more additional components or operations , because , for computationally efficient representation with a robust and 
example , they provide a number of valuable benefits that computationally efficient generative process . 
include : a fast , high quality neural texture synthesis based on In accordance with an embodiment , the disclosure 
robust feature matching of first order statistics ; an accelera- described herein presents a light - weight ( e.g. , computation 
tion strategy making this approach interactive , including for 65 ally efficient ) , high - quality output texture synthesis system 
high resolution images ; extensions to several special case and method ( e.g. , as shown in FIG . 1A , FIG . 1B , and FIG . 
problems such as Style Transfer , Inverse - Texture Synthesis , 1C ) that generalizes to additional applications ( e.g. , includ 
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ing style transfer shown in FIG . 3 , texture mixing shown in input source texture . In accordance with an embodiment , the 
FIG . 4 , and color transfer shown in FIG . 5 , and as described input source texture may be the input source texture ‘ S’120 
below in a section describing extensions of the method to the shown in FIG . 1C , FIG . 2 , and FIG . 3. The input source 
additional applications ) . The texture synthesis system and texture S 120 represents a desired texture , wherein a goal of 
method ( e.g. , shown in FIG . 1A , FIG . 1B , and FIG . 1C ) 5 the texture synthesis method 100 is to take the input source 
utilizes an optimal transport optimization process within a texture S 120 and synthesize a unique but visually similar 
bottleneck layer of an auto - encoder , ( e.g. , achieving quality output texture ( e.g. , output texture O 142D shown in FIG . 
and flexibility similar to computationally expensive back- 1C , FIG . 2 , and FIG . 3 ) . In order to generate the output 
propagation based neural texture synthesis methods ) , pro- texture O 142D , an initial input texture ( e.g. , initial input 
viding a computational efficiency that allows for real - time 10 texture 0 121 shown in FIG . 1C , FIG . 2 , and FIG . 3 ) may 
interactivity ( e.g. , with a human user ) . The bottleneck layer be used as an initial estimate . In accordance with an embodi 
being a layer with fewer nodes ( e.g. , fewer neurons in a ment , the initial input texture O 121 may be an image 
neural network ) than a previous ( or next ) layer , and which comprised of noise . In accordance with an embodiment , as 
generates a reduced dimension representation ( e.g. , feature part of operation 102 , a number of levels for the texture 
representation ) of an input . The disclosure described herein 15 synthesis method 100 is determined wherein each level 
identifies that first order statistics used herein ( e.g. , as part includes a first nonlinear transform ( e.g. , such as an auto 
of the methods shown in FIG . 1A , FIG . 1B , FIG . 1C , FIG . encoder ) that can operate on the input textures ( e.g. , the 
2 , FIG . 3 , FIG . 4 and FIG . 5 ) may provide a more robust input source texture S 120 and the initial input texture O 
representation for textures when compared to second order 121 ) in order to generate image features at different sizes and 
statistics . The texture synthesis systems and methods 20 degrees of complexity . The determining of a number of 
described herein ( e.g. , shown in FIG . 1A , FIG . 1B , and FIG . levels may include using a pre - determined number of levels , 
1C ) may be configured to perform texture synthesis by receiving an input value for a number of levels ( e.g. , from 
including operations that perform optimal transport between a user via a user interface ) , and determining a number of 
a Probability Density Function ( PDF ) of deep neural acti- levels based on a desired quality of the output texture O 
vation vectors of an image ( e.g. , an image being synthe- 25 142D . In accordance with an embodiment , for each of the 
sized ) , and an exemplar texture . In accordance with an determined levels , a second nonlinear transform ( e.g. , such 
embodiment , the texture synthesis systems and methods as a decoder network ) which may be symmetric ( e.g. , an 
described herein includes a matching of random sliced inverse ) to the first nonlinear transform is trained to invert 
1 - Dimensional histograms projected from a full N - Dimen- feature space back into an original image space . Throughout 
sional PDF distribution . In accordance with an embodiment , 30 the description herein the terms encoder and decoder are 
and as shown in FIG . 2 , there is provided an extension of the used to represent neural networks that are pre - trained for 
texture synthesis method that includes a reduction in a computer vision ; however , it should be noted that other 
dimensionality of a neural feature space ( e.g. , using princi- non - linear transformations can be substituted for the 
pal component analysis ) . In accordance with an embodi- encoder / decoder without departing from the scope of the 
ment , the texture synthesis systems and methods ( e.g. , 35 disclosure . In accordance with an embodiment , and shown 
shown in FIG . 1A , FIG . 1B , and FIG . 1C ) may include a in FIG . 1C , FIG . 2 , and FIG . 3 , the levels are separated in 
multiscale coarse - to - fine synthesis pyramid to capture a the figure by horizontal dashed lines and denoted in the data 
large receptive field ( e.g. , as described in the method 100 ) . flow as ' Level N ’ , ‘ Level N - 1 ' , ... up to “ Last level . In 
In accordance with an embodiment , the texture synthesis example embodiments , the first nonlinear transform may be 
systems and methods may also include a masking scheme 40 an input neural network within an autoencoder , and the 
that re - samples and reweights a feature distribution for a second nonlinear transform may be an output neural network 
user guided texture painting and targeted style transfer ( e.g. , in an autoencoder which form an input / output pair of the 
shown in FIG . 3 ) . In example embodiments , the optimal autoencoder neural network . 
transport process is the process T whose total cost is the least In accordance with an embodiment , at operation 104 of 
of all possible transport processes from M to F. In example 45 the method 100 , the texture synthesis method is performed 
embodiments , various cost functions may be used to mea- with the determined number of levels . Details of operation 
sure the total cost , such as , for example , cost functions 104 are described with respect to FIG . 1B and FIG . 1C . 
representing a cost in computing resources ( e.g. , processing In accordance with an embodiment , at operation 106 of 
power , memory , or bandwidth ) of using the transport pro- the method 100 , after the number of levels are completed , an 

50 output ( e.g. , output texture O 142D shown in FIG . 1C ) from 
Texture Synthesis operation 104 is tested against a metric that determines 
In accordance with an embodiment , and shown in FIG . whether another round of texture synthesis is required ( e.g. , 

1A and FIG . 1B , is a texture synthesis method 100 describ- a determination as to whether another loop within operation 
ing a texture optimization process through an optimal trans- 104 is required ) . In accordance with an embodiment , at 
port based feature transformation within a bottleneck layer 55 operation 108 of the method 100 , based on another round of 
of a series of multi - scale auto - encoder loops . In accordance texture synthesis being required ( e.g. , based on a result from 
with an embodiment , and shown in FIG . 1C , is a data flow operation 106 ) , a number of random slices used as part of an 
diagram of the texture synthesis method 100 showing details optimal transport process within operation 104 is reduced 
of a flow of data within the method 100. The description and the method loops back to operation 104. In addition , 
below references FIG . 1A , FIG . 1B , and FIG . 1C . In various 60 based on a looping back , the input source texture S 120 is 
embodiments , some of the method elements shown in FIG . reused as the input source texture in operation 104 , along 
1A , FIG . 1B , and FIG . 1C may be performed concurrently , with an output texture 0 142D modified by operation 108 
in a different order than shown , or may be omitted . being used as a next initial input texture O 121 . 

In accordance with an embodiment , and as shown in FIG . In accordance with an embodiment , FIG . 1B and FIG . 1C 
1A , at operation 102 of the method 100 an input source 65 show additional details of operation 104. In accordance with 
texture is accessed , wherein the accessing includes receiving an embodiment , and shown in FIG . 1B , at operation 104A 
( e.g. , from a user ) and selecting ( e.g. , from a memory ) the of operation 104 , for each level ( e.g. , a level ‘ L ' ) of the 
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determined number of levels , the input source texture S 120 nonlinear transformations being an auto encoder , an internal 
and an initial input texture O 121 is run through a first number of neural network layers may be reduced during 
non - linear transformation ( e.g. , level N encoder 122A operation 104D for the additional pair of nonlinear trans 
shown in FIG . 1C ) which produces a resulting number of formations . In accordance with an embodiment , as part of 
feature maps ( e.g. , N feature maps for neural network 5 operation 104D , the original input source texture S 120 and 
activations at a target level “ L ” ) . The feature maps are an output ( e.g. , level N O ) 142A of the second transforma 
denoted as S , and O , in FIG . 1C , FIG . 2 , and FIG . 3 , tion 140A is fed back into the next lower level ( e.g. , level 
wherein ‘ L'denotes a level . As shown in in FIG . 1C , the first N - 1 ) wherein the next lower level uses the additional pair of 
non - linear transformation 122A produces a probability dis- nonlinear transformations ( e.g. , as shown in FIG . 1C ) . In 
tribution function ( PDF ) S , 124A from the input source 10 accordance with an embodiment , the output texture O 142A 
texture S 120 and also produces a PDF O , 126A from the from the first level is used as the input texture O for the next 
initial input texture O 121 . level nonlinear transformation 122B . 

In accordance with an embodiment , as shown in FIG . 1B , In accordance with an embodiment , and shown in FIG . 
at operation 104B of operation 104 , for each level ‘ L ' of the 1C , a plurality of levels ( e.g. , the determined number of 
determined number of levels , the output PDFs of the first 15 levels from operation 102 ) may be concatenated together 
linear transform ( e.g. , PDF S , 124A and PDF O , 126A ) are wherein an output texture O ( e.g. , 142A and 142B ) from a 
run through an optimal transport process 130A that includes first level is used as an input texture O for a next level ( e.g. , 
random histogram slices . Given the pair of N dimensional a level below the first level ) nonlinear transformation ( 122B 
feature distributions S , 124A and O , 126A , the optimal and 122C ) . In accordance with an embodiment , each level of 
transport process 130A modifies activation values for O , 20 the determined number of levels would use the original 
126A so that first order statistics associated with O , 126A texture input S 120 as an input . 
match first order statistics of S , 124A before decoding the Global Loop 
pair back into image space . The optimal transport process An advantage of a back - propagation based image recon 
130A may use a sliced histogram matching approach to struction method is its ability to optimize the image being 
perform the matching of the first order statistics . In accor- 25 generated towards multiple PDF targets in each iteration . 
dance with an embodiment , the matching of first order Because operation 104 cycles through an encoder feature 
statistics by the optimal transport process 130A is a feature transform - decoder for each level , optimal matches at 
transformation process that operates on a random orthogonal coarse layers can drift from their ideal state as the process 
basis of the N - Dimensional space associated with S , 124A moves to shallow scales . This problem is mitigated with one 
and O , 126A . In accordance with an embodiment , the 30 or more additional global loops that run the entire process 
performing of the feature transformation within the optimal multiple times , which occurs in the method 100 as a loop 
transport process 130A on feature distributions S , 124A and between operations 104 , 106 , and 108. To keep an execution 
O , 126A in an iterative loop across a plurality of random of the texture synthesis method 100 fast , a number of 
slices , allows for robust matching of feature interdepen- random slices ( e.g. , used in the optimal transport processes 
dence between dimensions of the N - Dimensional space . An 35 130A , 130B , and 130C ) can be reduced in each pass of the 
iterative loop reduction of feature distance through sliced loop ( e.g. , operations 104 , 106 , and 108 ) so that a total 
histogram matching within the optimal transport process number of slices are maintained over the entire method 100 . 
130A provides a best - of - both - worlds solution between back- The reduction of random slices achieves the same effect as 
propagation methods and feed - forward methods , whereby it keeping all layers optimized jointly within a back - propaga 
maintains a robust feature transformation associated with a 40 tion method . In practice , only a small number of global 
back - propagation method while achieving an efficiency iterations are necessary to achieve good alignment between 
associated with a feed - forward method . In accordance with the levels ( e.g. , 3-6 loops depending on a speed / quality trade 
an embodiment , an accuracy of texture features being trans- off as determined in operation 106 ) . 
ferred to the output texture O 142D may be proportional to PCA 
a quantity of slices within the plurality of random slices 45 In accordance with an embodiment , and shown in FIG . 2 
matched in the optimal transport processes ( e.g. , 130A , is a method 200 that is a modification of the texture synthesis 
130B and 130C ) . method 100 , wherein the modification includes Principal 

In accordance with an embodiment , as shown in FIG . 1B , Component Analysis ( PCA ) to lower a dimensionality of the 
at operation 104C of operation 104 , for each level ' L ' of the feature subspace generated at the output of the first nonlinear 
determined number of levels , an output ( e.g. , output Oz ' 50 transformation . Feature space ( e.g. , S , 124A , 124B , 124C , 
132A shown in FIG . 1C ) from the optimal transport process and 0 , 126A , 126B , and 126C ) resulting from the nonlinear 
130A is sent through a second nonlinear transformation transformations ( e.g. , 122A , 122B , and 122C ) in lower 
140A wherein the second nonlinear transformation is a levels may become increasingly sparse . One interpretation 
decoder , and may include an inverse transformation of the of the sparseness at lower levels is that the representation for 
first nonlinear transformation 122A . For example , the 55 texture exists in a lower dimensional subspace of the non 
decoder 140A may be configured to perform an inverse linear transformations . In accordance with an embodiment , 
transformation of the first nonlinear transformation such that the method shown in FIG . 2 exploits this characteristic to 
S , 124A would be transformed back to S 120 based on the accelerate execution of the method 200 by performing 
configured decoder 140A receiving S , 124A as an input . optimal transport on a lower dimensional subspace identified 

In accordance with an embodiment , as shown in FIG . 1B , 60 through PCA , thus leading to an increase in computational 
at operation 104D of operation 104 , an additional pair of efficiency . In accordance with an embodiment , as shown in 
nonlinear transformations are configured for a next lower FIG . 2 , a PCA process ( 210A , 210B , and 210C ) is applied 
level of the determined number of levels , wherein the to an output of the nonlinear transformation ( e.g. , 122A , 
additional pair of nonlinear transformations generate coarser 122B and 122C ) for each level respectively . In accordance 
features ( e.g. , coarser spatial features ) as compared to a 65 with an embodiment , the method 200 is similar to the 
previous level ( e.g. , compared to a next higher level ) . For method 100 , and the operation 204 is similar to the operation 
example , based on a type of the pair and additional pair of 104 described in FIG . 1B and FIG . 1C , wherein at each level 
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of the number of levels , an output of a first nonlinear 304. This results in a style transfer method 300 wherein 
transform is additionally passed through a PCA process . In content and style features optimize together , rather than a 
accordance with an embodiment , the method 200 does not “ tug - of - war ” behavior as seen within other approaches . This 
require any modifications to the optimal transport process subtle but important distinction is a reason why the style 
( e.g. , 130A , 130B , and 130C ) . In accordance with an 5 transfer method 300 is able to achieve style transfer results 
embodiment , the PCA process ( 210A , 210B , and 210C ) is akin to back - propagation methods , but using a fast feed 
carried out for texture / style features at the bottleneck layer forward approach . 
of the auto - encoder and all network features are projected Extension to Texture Mixing 
onto this basis . The PCA process ( 210A , 210B , and 210C ) The goal of texture mixing is to interpolate and blend 
may determine a top N basis vectors of highest variance that 10 features of two or more textures . This can be used to create 
cumulatively account for a predetermined amount ( e.g. , novel hybrid textures or to create complex transitions 
90 % ) of total variance . between different textures within a painting application . A 

Extension to Other Applications : naive interpolation of multiple distinct textures at the pixel 
Optimal transport offers an intuitive and principled frame- level will lead to ghosting , seam and blurring artifacts and 

work for generalizing texture synthesis to the highly - related 15 will not produce novel interpolations of texture features . In 
problems of style transfer and texture mixing / morphing . accordance with an embodiment , the method 400 shown in 
Within the optimal transport framework described in at least FIG . 4 solves the mixing problem in a way that is fast , works 
FIG . 1A , FIG . 1B , FIG . 1C , the problem of texture synthesis on a broad range of textures , is simple to implement , does 
is one of synthesizing an image locally that exhibits the same not require custom training , and generates high quality 
global first order feature statistics of some exemplar texture 20 results . The method 400 includes using optimal transport 
image across the range of all meaningful spatial frequencies . within a deep neural feature space as a method for achieving 

Extension to Style Transfer all these goals . 
In accordance with an embodiment , and shown in FIG . 3 In accordance with an embodiment , and shown in FIG . 4 

is a style transfer method 300 which is a modification of the is a method for mixing two textures for use in the texture 
texture synthesis method 100. The style transfer method 300 25 synthesis method 100 ( e.g. , which can then be used in the 
expands upon the texture synthesis method 100 ( e.g. , style transfer method 400 and the color method 500 shown 
wherein operation 304 is similar to operation 104 ) by in FIG . 5 ) . In accordance with an embodiment , at operation 
introducing a second exemplar image , a “ content image ” C 402 of the method 400 , there is a mixing of a first texture ‘ A ’ ? 
302 which is also matched during synthesis ( e.g. , within an and a second texture ' B ' through an interpolation of their 
iterative optimal transport process 130A , 130B , 130C , and 30 associated first order statistics , yielding a “ mixed ” feature 
the like ) , but which is weighted ( e.g. , via the weighting distribution ( e.g. , denoted as SAB ) that may be used for the 
process 310A , 310B , and 310C ) so the synthesis PDF favors input texture image ' S ' 120 in the texture synthesis method 
the content image at coarser spatial frequencies while favor- 100. In accordance with an embod ent , at operation 404 of 
ing the style / texture image S 120 at the finer spatial fre- the method , the combined texture is used as an input texture 
quencies . In addition , the content PDF is matched within the 35 image S 120 in the texture synthesis method 100 shown in 
optimal transport process ( 130A , 130B , and 130C ) in a FIG . 1 . 
non - local way , wherein pixel coordinates target specific In accordance with an embodiment , as part of operation 
locations in feature space . 402 , creating the mixed texture SAB includes first comput 

Optimal Transport through sliced histogram matching is ing an optimal transport mapping ( e.g. , using the method in 
uniquely well suited for high quality style transfer within a 40 operation 112 ) from A to B ( e.g. , referred to as Ap ) . 
fast feed - forward approach due to its iterative nature . In Furthermore , to achieve uniform synthesis quality , a second 
accordance with an embodiment , and not shown in FIG . 3 , optimal transport mapping from B to A ( e.g. , referred to as 
before optimization within the optimal transport operation BA ) is also performed . In addition , a “ mixing mask ” that 
130A ( e.g. , or 130B , or 130C ) , the PDF for content CZ 306A includes a random interpolation value ^ i ' ( e.g. , from 0 to 1 ) 
( e.g. , or 306B , or 306C ) is aligned to the PDF for style S , 45 for each pixel is also generated , wherein the random inter 
124A ( e.g. , or 124B , or 124C ) by subtracting out a mean of polation may follow a uniform distribution across the image . 
CZ 306A and adding a mean of S , 124A . In accordance with In accordance with an embodiment , the two mappings ( AB 
an embodiment , during optimization within operation 304 and B. ) are used to generate a mixed texture SAB : In 
( e.g. , within operation 130A , 130B , and 130C ) , each sliced accordance with an embodiment , the mixed texture SAB 
histogram match is paired with a subsequent content match . 50 may be generated using the following equation for each 
In addition , during optimization ( e.g. , within operation interpolation value “ i ” : 
130A , 130B , and 130C ) , after each matching of slices mix = [ mixingMask - i ] operation and a subsequent de - projection operation , a con 
tent matching operation is performed that may update Oy 

SAB = [ Ax ( 1-1 ) + Apxi ] xmix + [ BAX ( 1-1 ) + Bxi ] * ( 1 - mix ) based on an input ( e.g. , from a user ) that determines a degree 55 
of influence of the content image . For example , the input Mixing through the above method using optimal transport 
may be used with the equation 0 , = 0 , + ( Cu - 02 ) x ( content- achieves state of the art results without a need for custom 
Strength / sliceCount ) , wherein ‘ contentStrength’is a variable training . The method shown in FIG . 4 is able to achieve 
scalar ( e.g. , which may be user controllable ) that determines more accurate reproduction of the input textures and runs 
a degree of influence that the content image C 302 has on the 60 orders of magnitude faster than some existing methods . 
final output O 142D and ‘ sliceCount ’ is a value of a number Color 
of slices used . Some existing neural style transfer algorithms entangle 
The optimal transport process within operation 304 in color within a feature representation of an image , thus 

FIG . 3 ( 130A , 130B , and 130C ) is an optimization process , making a transfer of color style intrinsic to the algorithms , 
which provides a possibility of pairing a content match ( e.g. , 65 which can be limiting . In accordance with an embodiment , 
via the introduction of the input content C 302 ) within each and shown in FIG . 5 is a method 500 that includes optimal 
iteration of the style matching of the style transfer operation transport as a unifying framework for two statistical models 
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of color and CNN activations , combining color and feature Extension to User Controls 
under one model , manipulated with a single algorithm . The The utility of texture synthesis as an artistic tool is marked 
two statistical models include : ( 1 ) a basic histogram match by how easily and intuitively a user can guide the process 
of second order color statistics , explored as a separate underlying the tool , and control the final output . In accor 
process from the style transfer algorithm . ( 2 ) Luminance- 5 dance with an embodiment , optimal transport can be guided 
only style transfer of grayscale images , where the original simply by re - balancing and re - weighting the feature space 
colors of the content image are directly copied into the final statistics . In accordance with an embodiment , masks are result . provided that assign a texture ID to each pixel in the content In accordance with an embodiment , control over color is and style images , and in addition , there are two modifica achieved by using three dimensional color values directly as tions added to the texture synthesis method 100. First , the a final probability density function that sits on top of the 
multi - scale auto - encoder stack . Relative to existing work , target PDF O , ( e.g. , 126A , 126B , AND 126C ) must be 

re - balanced so that its feature histogram with respect to the optimal transport based color transfer method described 
in FIG . 5 achieves a more accurate mapping of content texture IDs matches the desired histogram for the content 
image colors to an output . In addition , the systems and 15 mask . This can be achieved by simply removing or dupli 
methods described herein combine strengths of both existing cating samples from each histogram bin at random . During 
direct color transfer methods and existing luminance based synthesis , S , ( e.g. , 124A , 124B , AND 124C ) requires an 
style transfer methods . Existing direct color transfer is a additional processing step so that image regions with a given 
global operation that does not preserve local colors . Existing texture ID are more likely to map to similar texture ID 
luminance based style transfer methods weaken an overall 20 regions of Oz ( e.g. , 126A , 126B , AND 126C ) . Before the 
style transfer effect while dependencies between luminance optimal transport operation ( e.g. , operation 130A , 130B , and 
and color channels are lost in the output . For example , the 130C ) , re - weight the distribution for each content histogram 
lost dependency of luminance and color channels is particu- bin so that the distributions mean matches the distribution 
larly apparent for styles that include prominent brushstrokes mean of the corresponding bin in the target histogram . While 
since colors do not necessarily align to stroke patterns . In 25 this is a relatively loose constraint , it sufficiently biases the 
accordance with an embodiment , and shown in FIG . 5 is a optimal transport operation so that features are anchored to 
combined method 500 that utilizes both strategies within the the desired image locations while allowing for the transition 
unified framework , overcoming each of their respective areas between texture regions enough flexibility to map to 
limitations . their optimal region of the target PDF O ( e.g. , 126A , 126B , 

In accordance with an embodiment , as part of operation 30 AND 126C ) . 
502 of the method 500 , an original content image is pro- This section has highlighted the texture painting use case 
cessed through the style transfer method 300 ( e.g. , including because it most directly illustrates the power of statistics 
the external looping 350 ) , wherein the original content re - balancing and re - weighting as a simple means of guiding 
image is used as the content image input ' C ' 302 and a the optimal transport process . It should be noted that this 
separate style image is used as the input style image “ S’120 . 35 approach can and should also be used to guide the style 
In accordance with an embodiment , at operation 504 of the transfer and texture mixing process as well . The results 
method 500 , both the original content image and a final shown in this section use the full texture synthesis method 
output ' O ' ( e.g. , output ' O ' 122D ) of the style transfer 100 and style transfer method 300 with the content strength 
method 300 are converted from RGB to HSL color space . set to zero and the starting image set to noise . 
Accordingly , the original content image ' C'is converted and 40 Multiresolution Synthesis 
includes hue ( H ) , saturation ( S ) , and lightness ( L ) values . For texture synthesis ( e.g. , method 100 ) , style transfer 
Similarly , the final output ' O’is also converted and includes ( e.g. , method 300 ) and mixing / morphing ( e.g. , method 400 ) , 
hue ( H ) , saturation ( S ) , and lightness ( L ) values . In accor- we have found results are generally improved by a coarse 
dance with an embodiment , at operation 506 , hue and to - fine synthesis using image pyramids . Given both an 
saturation ( HS ) components from the original content image 45 exemplar image resolution and desired synthesis image 
and a light ( L ) component from the final output ' O ' are resolution , an image pyramid is built by successively divid 
combined to create a new style transfer result referred to ing the image widths and heights by a ratio of two until any 
herein as the “ luminance style transfer " result . In accordance image in the set falls below 256 pixels in either dimension . 
with an embodiment , as part of operation 506 , the combined This ensures that the receptive field has sufficient coverage 
luminance style transfer result is converted back into RGB 50 at the coarsest pyramid level in order to represent large 
color space , which is used for the remainder of the color structures in the feature space . The synthesis results of one 
transfer method 500. In accordance with an embodiment , at pyramid level is upscaled to the resolution of the next 
operation 508 of the method 500 , a second style transfer pyramid level using a bicubic filter and further refined 
process 300 is performed ( e.g. , including the external loop- through repeating the full algorithm . In accordance with an 
ing 350 ) , wherein converted luminance style transfer result 55 embodiment , the course - to - fine synthesis includes seeding 
( e.g. , the luminance style transfer result converted back into the texture synthesis method 100 with a first input O 121 
RGB ) is used as the content image input ' C ' 302 for the comprising noise with a resolution of the lowest level of the 
method 300 , and the original input content image is used as pyramid , and then for subsequent pyramid levels , the initial 
the input style image ' S ' 120 ( e.g. , because this image input O 121 of the method 100 is seeded with the bicubic 
contains the color properties that we want transferred ) . Next 60 upscaled output of the previous complete level ( e.g. , O 
we perform our full optimal transport algorithm that we have 142D ) . During the course - to - fine synthesis , the input S 120 
presented for style transfer but we use the three - channel is taken from the original texture image's pyramid to cor 
RGB values of each image directly rather than activation respond with the current synthesis pyramid level ( e.g. , a 
values produced the nonlinear transformation process . The corresponding resolution ) . The Coarse - to - fine image - pyra 
method 500 thus robustly transfers the global content image 65 mid synthesis strategy described here makes it possible to 
color statistics while also anchoring specific colors to local synthesize large and complex texturestyle features for 
image regions . images of a resolution necessary for real - world use . 
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Performance through an iterative sliced histogram matching operation as 
We now discuss some advantages of our result . Our the first universal and general purpose texture synthesis 

optimal transport approach addresses instabilities commonly algorithm . 
observed in neural texture synthesis methods that utilize While illustrated in the block diagrams as groups of 
parametric texture models or other summary statistics , by 5 discrete components comm mmunicating with each other via 
ensuring that the full statistical distribution of the features distinct data signal connections , it will be understood by 
are preserved . We compare the optimal transport optimiza- those skilled in the art that the various embodiments may be 
tion described herein to existing methods , and we find that provided by a combination of hardware and software com 
our Optimal Transport approach outperforms existing meth- ponents , with some components being implemented by a 
ods in multiple ways : 10 given function or operation of a hardware or software 

1. Larger structured features in the texture / style are well system , and many of the data paths illustrated being imple 
represented by the first - order joint statistics of the full mented by data communication within a computer applica 
feature distribution . tion or operating system . The structure illustrated is thus 

2. Feature blending / smearing artifacts of existing tech- provided for efficiency of teaching the present various 
niques are significantly reduced by our approach due to the 15 embodiments . 
additional “ slices ” capturing a more detailed view of the It should be noted that the present disclosure can be 
feature distribution . carried out as a method , can be embodied in a system , a 

3. The Optimal Transport used herein is an optimization computer readable medium or an electrical or electro - mag 
process , which presents the opportunity to pair a content netic signal . The embodiments described above and illus 
match within each iteration of the style match method . This 20 trated in the accompanying drawings are intended to be 
results in a style transfer method 300 where the content and exemplary only . It will be evident to those skilled in the art 
style features optimize together , rather than a “ tug - of - war ” that modifications may be made without departing from this 
relationship proposed in existing techniques . This subtle but disclosure . Such modifications are considered as possible 
important distinction is why our approach is able to achieve variants and lie within the scope of the disclosure . 
style transfer results akin to expensive back - propagation 25 Certain embodiments are described herein as including 
methods , but using a fast feed - forward approach . logic or a number of components , modules , or mechanisms . 

4. The optimal transport framework described herein Modules may constitute either software modules ( e.g. , code 
unifies style and color , which is a known open problem . embodied on a machine - readable medium or in a transmis 

5. Mixing textures produces a more homogeneous result sion signal ) or hardware modules . A “ hardware module ” is 
with more convincing interpolations of individual features . 30 a tangible unit capable of performing certain operations and 

6. A simple re - balancing and re - weighting strategy allows may be configured or arranged in a certain physical manner . 
users to guide both the texture synthesis and style transfer In various example embodiments , one or more computer 
process . systems ( e.g. , a standalone computer system , a client com 

In addition to improving image quality , the key benefit of puter system , or a server computer system ) or one or more 
our algorithm is speed . Running times for our method are as 35 hardware modules of a computer system ( e.g. , a processor or 
follows . We used a machine with four physical cores ( Intel a group of processors ) may be configured by software ( e.g. , 
Core i5-6600k ) , with 3.5 GHz , 64 GB of RAM , and an an application or application portion ) as a hardware module 
Nvidia Quadro P6000 GPU with 24 GB of GPU RAM , that operates to perform certain operations as described 
running Ubuntu . For a single 1024x1024 image , our method herein . 
takes 23 seconds utilizing PCA and 84 seconds without 40 In some embodiments , a hardware module may be imple 
PCA . This is in contrast to the back - propagation based mented mechanically , electronically , or with any suitable 
optimization methods that take minutes to tens of minutes combination thereof . For example , a hardware module may 
respectively . Our approach used three pyramid levels . For include dedicated circuitry or logic that is permanently 
style transfer we add a progressively weighted content configured to perform certain operations . For example , a 
matching at relu3 1 , relu4 1 and relu5 1 which increases the 45 hardware module may be a special - purpose processor , such 
running time by a negligible amount . These metrics were as a field - programmable gate array ( FPGA ) or an Applica 
measured over 100 full image synthesis operations . We tion Specific Integrated Circuit ( ASIC ) . A hardware module 
believe this run - time performance makes optimal transport may also include programmable logic or circuitry that is 
an attractive candidate for an interactive artist tool , particu- temporarily configured by software to perform certain 
larly when only sub - regions of the image are edited in real 50 operations . For example , a hardware module may include 
time . Our current implementation utilizes a mixture of CPU software encompassed within a general - purpose processor 
and GPU processing , incurring a large performance penalty or other programmable processor . Such software may at 
when synchronizing memory . We believe that significant least temporarily transform the general - purpose processor 
performance improvements could be achieved through into a special - purpose processor . It will be appreciated that 
strict GPU implementation . 55 the decision to implement a hardware module mechanically , 
We show that directly matching feature statistics is the in dedicated and permanently configured circuitry , or in 

native problem formulation for Texture Synthesis and by temporarily configured circuitry ( e.g. , configured by soft 
doing so , we are able to use our Statistical Matching Layer ware ) may be driven by cost and time considerations . 
to solve a wide range of Texture Synthesis based problems Accordingly , the phrase " hardware module ” should be 
that were previously believed to require separate techniques 60 understood to encompass a tangible entity , be that an entity 
or non - trivial extensions to the core algorithm . We propose that is physically constructed , permanently configured ( e.g. , 
a simple , well principled method that achieves unprec- hardwired ) , or temporarily configured ( e.g. , programmed ) to 
edented speed and quality for Texture Synthesis and it's operate in a certain manner or to perform certain operations 
many sub - fields : Style Transfer , Texture Mixing , Multi - scale described herein . As used herein , “ hardware - implemented 
Texture Synthesis , Inverse Texture Synthesis and In - Paint- 65 module ” refers to a hardware module . Considering embodi 
ing while also being easier to control by the user . We present ments in which hardware modules are temporarily config 
N - Dimensional probability density function transformations ured ( e.g. , programmed ) , each of the hardware modules need 
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not be configured or instantiated at any one instance in time . provide a gaming engine 601 and / or components of the 
For example , where a hardware module comprises a general- texture synthesis system 100. FIG . 6 is a non - limiting 
purpose processor configured by software to become a example of a software architecture and it will be appreciated 
special - purpose processor , the general - purpose processor that many other architectures may be implemented to facili 
may be configured as respectively different special - purpose 5 tate the functionality described herein . The software archi 
processors ( e.g. , comprising different hardware modules ) at tecture 602 may execute on hardware such as a machine 700 
different times . Software may accordingly configure a par- of FIG . 7 that includes , among other things , processors 710 , 
ticular processor or processors , for example , to constitute a memory 730 , and input / output ( 1/0 ) components 750. A 
particular hardware module at one instance of time and to representative hardware layer 604 is illustrated and can 
constitute a different hardware module at a different instance 10 represent , for example , the machine 700 of FIG . 7. The 
of time . representative hardware layer 604 includes a processing unit 

Hardware modules can provide information to , and 606 having associated executable instructions 608. The 
receive information from , other hardware modules . Accord- executable instructions 608 represent the executable instruc 
ingly , the described hardware modules may be regarded as tions of the software architecture 602 , including implemen 
being communicatively coupled . Where multiple hardware 15 tation of the methods , modules and so forth described 
modules exist contemporaneously , communications may be herein . The hardware layer 604 also includes memory / 
achieved through signal transmission ( e.g. , over appropriate storage 610 , which also includes the executable instructions 
circuits and buses ) between or among two or more of the 608. The hardware layer 604 may also comprise other 
hardware modules . In embodiments in which multiple hard- hardware 612 . 
ware modules are configured or instantiated at different 20 In the example architecture of FIG . 6 , the software 
times , communications between such hardware modules architecture 602 may be conceptualized as a stack of layers 
may be achieved , for example , through the storage and where each layer provides particular functionality . For 
retrieval of information in memory structures to which the example , the software architecture 602 may include layers 
multiple hardware modules have access . For example , one such as an operating system 614 , libraries 616 , frameworks 
hardware module may perform an operation and store the 25 or middleware 618 , applications 620 and a presentation 
output of that operation in a memory device to which it is layer 644. Operationally , the applications 620 and / or other 
communicatively coupled . A further hardware module may components within the layers may invoke application pro 
then , at a later time , access the memory device to retrieve gramming interface ( API ) calls 624 through the software 
and process the stored output . Hardware modules may also stack and receive a response as messages 626. The layers 
initiate communications with input or output devices , and 30 illustrated are representative in nature and not all software 
can operate on a resource ( e.g. , a collection of information ) . architectures have all layers . For example , some mobile or 

The various operations of example methods described special purpose operating systems may not provide the 
herein may be performed , at least partially , by one or more frameworks / middleware 618 , while others may provide such 
processors that are temporarily configured ( e.g. , by soft- a layer . Other software architectures may include additional 
ware ) or permanently configured to perform the relevant 35 or different layers . 
operations . Whether temporarily or permanently configured , The operating system 614 may manage hardware 
such processors may constitute processor - implemented resources and provide common services . The operating 
modules that operate to perform one or more operations or system 614 may include , for example , a kernel 628 , services 
functions described herein . As used herein , “ processor- 630 , and drivers 632. The kernel 628 may act as an abstrac 
implemented module ” refers to a hardware module imple- 40 tion layer between the hardware and the other software 
mented using one or more processors . layers . For example , the kernel 628 may be responsible for 

Similarly , the methods described herein may be at least memory management , processor management ( e.g. , sched 
partially processor - implemented , with a particular processor uling ) , component management , networking , security set 
or processors being an example of hardware . For example , tings , and so on . The services 630 may provide other 
at least some of the operations of a method may be per- 45 common services for the other software layers . The drivers 
formed by one or more processors or processor - imple- 632 may be responsible for controlling or interfacing with 
mented modules . Moreover , the one or more processors may the underlying hardware . For instance , the drivers 632 may 
also operate to support performance of the relevant opera- include display drivers , camera drivers , Bluetooth® drivers , 
tions in a “ cloud computing ” environment or as a “ software flash memory drivers , serial communication drivers ( e.g. , 
as a service ” ( SaaS ) . For example , at least some of the 50 Universal Serial Bus ( USB ) drivers ) , Wi - Fi® drivers , audio 
operations may be performed by a group of computers ( as drivers , power management drivers , and so forth depending 
examples of machines including processors ) , with these on the hardware configuration . 
operations being accessible via a network ( e.g. , the Internet ) The libraries 616 may provide a common infrastructure 
and via one or more appropriate interfaces ( e.g. , an appli- that may be used by the applications 620 and / or other 
cation program interface ( API ) ) . 55 components and / or layers . The libraries 616 typically pro 
The performance of certain of the operations may be vide functionality that allows other software modules to 

distributed processors , not only residing within a perform tasks in an easier fashion than to interface directly 
single machine , but deployed across a number of machines . with the underlying operating system 614 functionality ( e.g. , 
In some example embodiments , the processors or processor- kernel 628 , services 630 and / or drivers 632 ) . The libraries 
implemented modules may be located in a single geographic 60 716 may include system libraries 634 ( e.g. , C standard 
location ( e.g. , within a home environment , an office envi- library ) that may provide functions such as memory alloca 
ronment , or a server farm ) . In other example embodiments , tion functions , string manipulation functions , mathematic 
the processors or processor - implemented modules may be functions , and the like . In addition , the libraries 616 may 
distributed across a number of geographic locations . include API libraries 636 such as media libraries ( e.g. , 
FIG . 6 is a block diagram 600 illustrating an example 65 libraries to support presentation and manipulation of various 

software architecture 602 , which may be used in conjunction media format such as MPEG4 , H.264 , MP3 , AAC , AMR , 
with various hardware architectures herein described to JPG , PNG ) , graphics libraries ( e.g. , an OpenGL framework 
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that may be used to render 2D and 3D graphic content on a medium ( e.g. , a machine - readable storage medium ) and 
display ) , database libraries ( e.g. , SQLite that may provide perform any one or more of the methodologies discussed 
various relational database functions ) , web libraries ( e.g. , herein . Specifically , FIG . 7 shows a diagrammatic represen 
WebKit that may provide web browsing functionality ) , and tation of the machine 700 in the example form of a computer 
the like . The libraries 616 may also include a wide variety 5 system , within which instructions 716 ( e.g. , software , a 
of other libraries 638 to provide many other APIs to the program , an application , an applet , an app , or other execut 
applications 620 and other software components / modules . able code ) for causing the machine 700 to perform any one 

The frameworks 618 ( also sometimes referred to as or more of the methodologies discussed herein may be 
middleware ) provide a higher - level common infrastructure executed . As such , the instructions 716 may be used to 
that may be used by the applications 620 and / or other 10 implement modules or components described herein . The 
software components / modules . For example , the frame- instructions transform the general , non - programmed 
works / middleware 618 may provide various graphic user machine into a particular machine programmed to carry out 
interface ( GUI ) functions , high - level resource management , the described and illustrated functions in the manner 
high - level location services , and so forth . The frameworks / described . In alternative embodiments , the machine 700 
middleware 618 may provide a broad spectrum of other 15 operates as a standalone device or may be coupled ( e.g. , 
APIs that may be utilized by the applications 620 and / or networked ) to other machines . In a networked deployment , 
other software components / modules , some of which may be the machine 700 may operate in the capacity of a server 
specific to a particular operating system or platform . machine or a client machine in a server - client network 
The applications 620 include built - in applications 640 environment , or as a peer machine in a peer - to - peer ( or 

and / or third - party applications 642. Examples of represen- 20 distributed ) network environment . The machine 700 may 
tative built - in applications 640 may include , but are not comprise , but not be limited to , a server computer , a client 
limited to , a contacts application , a browser application , a computer , a personal computer ( PC ) , a tablet computer , a 
book reader application , a location application , a media laptop computer , a netbook , a set - top box ( STB ) , a personal 
application , a messaging application , and / or a game appli- digital assistant ( PDA ) , an entertainment media system , a 
cation . Third - party applications 642 may include any an 25 cellular telephone , a smart phone , a mobile device , a wear 
application developed using the AndroidTM or iOSTM soft- able device ( e.g. , a smart watch ) , a smart home device ( e.g. , 
ware development kit ( SDK ) by an entity other than the a smart appliance ) , other smart devices , a web appliance , a 
vendor of the particular platform , and may be mobile network router , a network switch , a network bridge , or any 
software running on a mobile operating system such as machine capable of executing the instructions 716 , sequen 
POSTM , AndroidTM , Windows® Phone , or other mobile oper- 30 tially or otherwise , that specify actions to be taken by the 
ating systems . The third - party applications 642 may invoke machine 700. Further , while only a single machine 700 is 
the API calls 624 provided by the mobile operating system illustrated , the term “ machine ” shall also be taken to include 
such as operating system 614 facilitate functionality a collection of machines that individually or jointly execute 
described herein . The applications 620 include texture syn the instructions 716 to perform any one or more of the 
thesis module 645 , which may implement one or more of the 35 methodologies discussed herein . 
operations described herein , such as one or more of the The machine 700 may include processors 710 , memory 
operations described with respect to FIG . 1A , 1B , 1C , 2 , 3 , 730 , and input / output ( I / O ) components 750 , which may be 
4 , or 5 . configured to communicate with each other such as via a bus 

The applications 620 may use built - in operating system 702. In an example embodiment , the processors 710 ( e.g. , a 
functions ( e.g. , kernel 628 , services 630 and / or drivers 632 ) , 40 Central Processing Unit ( CPU ) , a Reduced Instruction Set 
libraries 616 , or frameworks / middleware 618 to create user Computing ( RISC ) processor , a Complex Instruction Set 
interfaces to interact with users of the system . Alternatively , Computing ( CISC ) processor , a Graphics Processing Unit 
or additionally , in some systems , interactions with a user ( GPU ) , a Digital Signal Processor ( DSP ) , an Application 
may occur through a presentation layer , such as the presen- Specific Integrated Circuit ( ASIC ) , a Radio Frequency Inte 
tation layer 644. In these systems , the application / module 45 grated Circuit ( RFIC ) , another processor , or any suitable 
“ logic ” can be separated from the aspects of the application / combination thereof ) may include , for example , a processor 
module that interact with a user . 712 and a processor 714 that may execute the instructions 
Some software architectures use virtual machines . In the 716. The term “ processor ” is intended to include multi - core 

example of FIG . 6 , this is illustrated by a virtual machine processor that may comprise two or more independent 
648. The virtual machine 648 creates a software environ- 50 processors ( sometimes referred to as “ cores ” ) that may 
ment where applications / modules can execute as if they execute instructions contemporaneously . Although FIG . 7 
were executing on a hardware machine ( such as the machine shows multiple processors , the machine 700 may include a 
700 of FIG . 7 , for example ) . The virtual machine 648 is single processor with a single core , a single processor with 
hosted by a host operating system ( e.g. , operating system multiple cores ( e.g. , a multi - core processor ) , multiple pro 
614 ) and typically , although not always , has a virtual 55 cessors with a single core , multiple processors with mul 
machine monitor 646 , which manages the operation of the tiples cores , or any combination thereof . 
virtual machine 648 as well as the interface with the host The memory / storage 730 may include a memory , such as 
operating system ( i.e. , operating system 614 ) . A software a main memory 732 , a static memory 734 , or other memory , 
architecture executes within the virtual machine 648 such as and a storage unit 736 , both accessible to the processors 710 
an operating system ( OS ) 650 , libraries 652 , frameworks 60 such as via the bus 702. The storage unit 736 and memory 
654 , applications 656 , and / or a presentation layer 658. These 732 , 734 store the instructions 716 embodying any one or 
layers of software architecture executing within the virtual more of the methodologies or functions described herein . 
machine 648 can be the same as corresponding layers The instructions 716 may also reside , completely or par 
previously described or may be different . tially , within the memory 732 , 734 , within the storage unit 

FIG . 7 is a block diagram illustrating components of a 65 736 , within at least one of the processors 710 ( e.g. , within 
machine 700 , according to some example embodiments , the processor's cache memory ) , or any suitable combination 
configured to read instructions from a machine - readable thereof , during execution thereof by the machine 700 . 
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Accordingly , the memory 732 , 734 , the storage unit 736 , and components . For example , the biometric components 756 
the memory of processors 710 are examples of machine- may include components to detect expressions ( e.g. , hand 
readable media 738 . expressions , facial expressions , vocal expressions , body 
As used herein , “ machine - readable medium ” means a gestures , or eye tracking ) , measure biosignals ( e.g. , blood 

device able to store instructions and data temporarily or 5 pressure , heart rate , body temperature , perspiration , or brain 
permanently and may include , but is not limited to , random- waves ) , identify a person ( e.g. , voice identification , retinal 
access memory ( RAM ) , read - only memory ( ROM ) , buffer identification , facial identification , fingerprint identification , 
memory , flash memory , optical media , magnetic media , or electroencephalogram based identification ) , and the like . 
cache memory , other types of storage ( e.g. , Erasable Pro- The motion components 758 may include acceleration sen 
grammable Read - Only Memory ( EEPROM ) ) and / or any 10 sor components ( e.g. , accelerometer ) , gravitation sensor 
suitable combination thereof . The term " machine - readable components , rotation sensor components ( e.g. , gyroscope ) , 
medium ” should be taken to include a single medium or and so forth . The environmental components 760 may 
multiple media ( e.g. , a centralized or distributed database , or include , for example , illumination sensor components ( e.g. , 
associated caches and servers ) able to store the instructions photometer ) , temperature sensor components ( e.g. , one or 
716. The term “ machine - readable medium ” shall also be 15 more thermometers that detect ambient temperature ) , 
taken to include any medium , or combination of multiple humidity sensor components , pressure sensor components 
media , that is capable of storing instructions ( e.g. , instruc- ( e.g. , barometer ) , acoustic sensor components ( e.g. , one or 
tions 716 ) for execution by a machine ( e.g. , machine 700 ) , more microphones that detect background noise ) , proximity 
such that the instructions , when executed by one or more sensor components ( e.g. , infrared sensors that detect nearby 
processors of the machine 700 ( e.g. , processors 710 ) , cause 20 objects ) , gas sensors ( e.g. , gas detection sensors to detection 
the machine 700 to perform any one or more of the meth- concentrations of hazardous gases for safety or to measure 
odologies or operations , including non - routine or unconven- pollutants in the atmosphere ) , or other components that may 
tional methodologies or operations , or non - routine or uncon- provide indications , measurements , or signals corresponding 
ventional combinations of methodologies or operations , to a surrounding physical environment . The position com 
described herein . Accordingly , a “ machine - readable 25 ponents 762 may include location sensor components ( e.g. , 
medium ” refers to a single storage apparatus or device , as a Global Position System ( GPS ) receiver component ) , alti 
well as “ cloud - based ” storage systems or storage networks tude sensor components ( e.g. , altimeters or barometers that 
that include multiple storage apparatus or devices . The term detect air pressure from which altitude may be derived ) , 
“ machine - readable medium " excludes signals per se . orientation sensor components ( e.g. , magnetometers ) , and 

The input / output ( I / O ) components 750 may include a 30 the like . 
wide variety of components to receive input , provide output , Communication may be implemented using a wide vari 
produce output , transmit information , exchange informa- ety of technologies . The input / output ( 1/0 ) components 750 
tion , capture measurements , and so on . The specific input / may include communication components 764 operable to 
output ( I / O ) components 750 that are included in a particular couple the machine 700 to a network 780 or devices 770 via 
machine will depend on the type of machine . For example , 35 a coupling 782 and a coupling 772 respectively . For 
portable machines such as mobile phones will likely include example , the communication components 764 may include 
a touch input device or other such input mechanisms , while a network interface component or other suitable device to 
a headless server machine will likely not include such a interface with the network 780. In further examples , the 
touch input device . It will be appreciated that the input / communication components 764 may include wired com 
output ( 1/0 ) components 750 may include many other 40 munication components , wireless communication compo 
components that are not shown in FIG . 7. The input / output nents , cellular communication components , Near Field 
( 1/0 ) components 750 are grouped according to functional- Communication ( NFC ) components , Bluetooth® compo 
ity merely for simplifying the following discussion and the nents ( e.g. , Bluetooth® Low Energy ) , Wi - Fi® components , 
grouping is in no way limiting . In various example embodi- and other communication components to provide commu 
ments , the input / output ( I / O ) components 750 may include 45 nication via other modalities . The devices 770 may be 
output components 752 and input components 754. The another machine or any of a wide variety of peripheral 
output components 752 may include visual components devices ( e.g. , a peripheral device coupled via Universal 
( e.g. , a display such as a plasma display panel ( PDP ) , a light Serial Bus ( USB ) ) . 
emitting diode ( LED ) display , a liquid crystal display Moreover , the communication components 764 may 
( LCD ) , a projector , or a cathode ray tube ( CRT ) ) , acoustic 50 detect identifiers or include components operable to detect 
components ( e.g. , speakers ) , haptic components ( e.g. , a identifiers . For example , the communication components 
vibratory motor , resistance mechanisms ) , other signal gen- 764 may include Radio Frequency Identification ( RFID ) tag 
erators , and so forth . The input components 754 may include reader components , NFC smart tag detection components , 
alphanumeric input components ( e.g. , a keyboard , a touch optical reader components ( e.g. , an optical sensor to detect 
screen configured to receive alphanumeric input , a photo- 55 one - dimensional bar codes such as Universal Product Code 
optical keyboard , or other alphanumeric input components ) , ( UPC ) bar code , multi - dimensional bar codes such as Quick 
point based input components ( e.g. , a mouse , a touchpad , a Response ( QR ) code , Aztec code , Data Matrix , Dataglyph , 
trackball , a joystick , a motion sensor , or another pointing MaxiCode , PDF417 , Ultra Code , UCC RSS - 2D bar code , 
instrument ) , tactile input components ( e.g. , a physical but- and other optical codes ) , or acoustic detection components 
ton , a touch screen that provides location and / or force of 60 ( e.g. , microphones to identify tagged audio signals ) . In 
touches or touch gestures , or other tactile input compo- addition , a variety of information may be derived via the 
nents ) , audio input components ( e.g. , a microphone ) , and the communication components 762 , such as , location via Inter 
like . net Protocol ( IP ) geo - location , location via Wi - Fi® signal 

In further example embodiments , the input / output ( 1/0 ) triangulation , location via detecting a NFC beacon signal 
components 750 may include biometric components 756 , 65 that may indicate a particular location , and so forth . 
motion components 758 , environmental components 760 , or Throughout this specification , plural instances may imple 
position components 762 , among a wide array of other ment components , operations , or structures described as a 
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single instance . Although individual operations of one or 2. The system of claim 1 , wherein the first nonlinear 
more methods are illustrated and described as separate transform and the second nonlinear transform are neural 
operations , one or more of the individual operations may be networks and form an input and output of an autoencoder 
performed concurrently , and nothing requires that the opera- neural network , respectively , and wherein the optimal trans 
tions be performed in the order illustrated . Structures and 5 port process is applied on a bottleneck layer of the autoen 
functionality presented as separate components in example coder . 
configurations may be implemented as a combined structure 3. The system of claim 1 , wherein the operations further 
or component . Similarly , structures and functionality pre- include : 
sented as a single component may be implemented as configuring an additional first nonlinear transformation 
separate components . These and other variations , modifica- 10 process and an additional second nonlinear transforma 
tions , additions , and improvements fall within the scope of tion process in a lower level of texture synthesis , 
the subject matter herein . wherein the additional pair of nonlinear transformation 

The embodiments illustrated herein are described in suf processes generate coarser feature representations as 
ficient detail to enable those skilled in the art to practice the compared to the first nonlinear transformation process 
teachings disclosed . Other embodiments may be used and 15 and the second nonlinear transformation process ; and 
derived therefrom , such that structural and logical substitu- providing the input source texture and the output image as 
tions and changes may be made without departing from the inputs to the additional first nonlinear transformation 
scope of this disclosure . The Detailed Description , therefore , process . 
is not to be taken in a limiting sense , and the scope of various 4. The system of claim 2 , wherein feature representations 
embodiments is defined only by the appended claims , along 20 from the first nonlinear transform include a probability 
with the full range of equivalents to which such claims are density function of deep neural network activation vectors of 
entitled . an input to the first nonlinear transform . 
As used herein , the term “ or ” may be construed in either 5. The system of claim 4 , wherein the optimal transport 

an inclusive or exclusive sense . Moreover , plural instances process matches random sliced 1 - dimensional histograms 
may be provided for resources , operations , or structures 25 projected from the probability density function . 
described herein as a single instance . Additionally , bound- 6. The system of claim 5 , wherein the operations further 
aries between various resources , operations , modules , include : 
engines , and data stores are somewhat arbitrary , and par- determining an additional texture synthesis is required 
ticular operations are illustrated in a context of specific based on a metric applied to the output ; 
illustrative configurations . Other allocations of functionality 30 reducing a number of the random sliced 1 - dimensional 
are envisioned and may fall within a scope of various histograms ; and 
embodiments of the present disclosure . In general , structures using the output as a new initial input texture . 
and functionality presented as separate resources in the 7. The system of claim 1 , wherein the operations include : 
example configurations may be implemented as a combined accessing a content image for use as an additional input 
structure or resource . Similarly , structures and functionality 35 source texture ; and 
presented as a single resource may be implemented as weighting the content image prior to applying the optimal 
separate resources . These and other variations , modifica transport process to favor the content image at coarse 
tions , additions , and improvements fall within the scope of spatial frequencies and favor the input source texture at 
embodiments of the present disclosure as represented by the finer spatial frequencies . 
appended claims . The specification and drawings are , 40 8. The system of claim 1 , wherein the operations further 
accordingly , to be regarded in an illustrative rather than a include : 
restrictive sense . determining a lower dimensional subspace for the respec 

What is claimed is : tive feature representations using principal component 
1. A system comprising : analysis ; and 
one or more computer processors ; applying the optimal transport process on the lower 
one or more computer memories ; dimensional subspace . 
a set of instructions stored in the one or more computer 9. A non - transitory computer - readable storage medium 
memories , the set of instructions configuring the one or storing a set of instructions that , when executed by one or 
more computer processors to perform operations , the more computer processors , causes the one or more computer 
operations comprising : 50 processors to perform operations , the operations comprising : 

accessing data describing an input source texture and an accessing data describing an input source texture and an 
initial input texture ; initial input texture ; 

transforming the input source texture and the initial input transforming the input source texture and the initial input 
texture into respective feature representations of each texture into respective feature representations of each 
input , the transforming including using a first nonlinear 55 input , the transforming including using a first nonlinear 
transformation process ; transformation process ; 

applying an optimal transport process to the respective applying an optimal transport process to the respective 
feature representations to modify a set of first order feature representations to modify a set of first order 
statistics , the set of first order statistics belonging to the statistics , the set of first order statistics belonging to the 
initial input texture feature representation , the modify- 60 initial input texture feature representation , the modify 
ing including performing a matching of the set of first ing including performing a matching of the set of first 
order statistics to a second set of first order statistics , order statistics to a second set of first order statistics , 
the second set of first order statistics belonging to the the second set of first order statistics belonging to the 
input source texture feature representation ; and input source texture feature representation ; and 

passing the modified set of first order statistics to a second 65 passing the modified set of first order statistics to a second 
nonlinear transform to convert the modified set of first nonlinear transform to convert the modified set of first 
order statistics into an image space . order statistics into an image space . 
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10. The non - transitory computer - readable storage determining a lower dimensional subspace for the respec 
medium of claim 9 , wherein the first nonlinear transform and tive feature representations using principal component 
the second nonlinear transform are neural networks and analysis ; and 
form an input and output of an autoencoder neural network , applying the optimal transport process on the lower 

dimensional subspace . respectively , and wherein the optimal transport process is 5 17. A method comprising : applied on a bottleneck layer of the autoencoder . 
11. The non - transitory computer - readable storage accessing data describing an input source texture and an 

initial input texture ; 
medium of claim 9 , wherein the operations further include : transforming the input source texture and the initial input configuring an additional first nonlinear transformation texture into respective feature representations of each 

process and an additional second nonlinear transforma input , the transforming including using a first nonlinear 
tion process in a lower level of texture synthesis , transformation process ; 
wherein the additional pair of nonlinear transformation applying an optimal transport process to the respective 
processes generate coarser feature representations as feature representations to modify a set of first order 
compared to the first nonlinear transformation process statistics , the set of first order statistics belonging to the 
and the second nonlinear transformation process ; and initial input texture feature representation , the modify 

ing including performing a matching of the set of first providing the input source texture and the output image as order statistics to a second set of first order statistics , inputs to the additional first nonlinear transformation the second set of first order statistics belonging to the 
input source texture feature representation ; and 

12. The non - transitory computer - readable storage 20 passing the modified set of first order statistics to a second 
medium of claim 10 , wherein feature representations from nonlinear transform to convert the modified set of first 
the first nonlinear transform include a probability density order statistics into an image space . 
function of deep neural network activation vectors of an 18. The method of claim 17 , wherein the first nonlinear 
input to the first nonlinear transform . transform and the second nonlinear transform are neural 

13. The non - transitory computer - readable storage 25 networks and form an input and output of an autoencoder 
medium of claim 12 , wherein the optimal transport process neural network , respectively , and wherein the optimal trans 
matches random sliced 1 - dimensional histograms projected port process is applied on a bottleneck layer of the autoen 

coder . from the probability density function . 
The non - transitory computer - readable storage 19. The method of claim 17 , wherein the operations 

medium of claim 13 , wherein the operations further include : 30 further include : 
determining an additional texture synthesis is required configuring an additional first nonlinear transformation 

based on a metric applied to the output ; process and an additional second nonlinear transforma 
reducing a number of the random sliced 1 - dimensional tion process in a lower level of texture synthesis , 

wherein the additional pair of nonlinear transformation histograms ; and 
using the output as a new initial input texture . processes generate coarser feature representations as 
15. The non - transitory computer - readable storage compared to the first nonlinear transformation process 

and the second nonlinear transformation process ; and medium of claim 9 , wherein the operations include : 
accessing a content image for use as an additional input providing the input source texture and the output image as 

inputs to the additional first nonlinear transformation source texture ; and 
weighting the content image prior to applying the optimal 40 process . 

20. The method of claim 18 , wherein feature representa transport process to favor the content image at coarse tions from the first nonlinear transform include a probability spatial frequencies and favor the input source texture at 
finer spatial frequencies . density function of deep neural network activation vectors of 

an input to the first nonlinear transform . 16. The non - transitory computer - readable storage 
medium of claim 9 , wherein the operations further include : 
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